Research and Development (R&D) endogenous growth models predict and most evidence show that investment in R&D increase with economic development. We consider the type of human capital mainly used in research labs and show that the richest countries are investing proportionally less than middle income countries in engineering and technical human capital. We generalize this result, controlling for other explanatory variables, cross-time error correlations, heteroskedaticity and endogeneity bias. Thus, we establish a stylized fact (about human capital composition) that is a puzzle to economic theory: the ratio of high-tech to low-tech human capital presents an inverted U-shaped relationship with GDP per capita.
Introduction
The study of the effects of human capital composition on growth and development is a recent field in the economic literature. The idea that some classes of human capital contribute more to growth than others is intuitive, mainly if we think about R&D models in the spirit of Romer (1990) or Grossman and Helpman (1991) , because only some types of human capital are engaged in R&D activities. The first paper in this class was the seminal work of Murphy, Shleifer and Vishny (1991) , which supports the idea that the allocation of talent is important for growth and bases the argument on the choice between being entrepreneur or rent-seeker. These authors proxied rent-seeking by the proportion of Law students in colleges and entrepreneurship by the proportion of Engineering students in colleges and show some evidence that the latter contribute to growth while the former do not. Barro (1999) used data on students' scores on comparable international examinations on a growth regression and showed that scores on sciences and mathematics had a positive relationship with economic growth, but scores on the reading test were insignificantly related to growth. Also, Acemoglu (2001) shows microeconomic evidence on positive and negative relationships between some professions and the stream of wages 1 . This seems to be sufficient to conclude that the composition of human capital matters where growth is concerned.
The treatment of the relationship between human capital composition and development 2 is even further from being exhausted in the economic literature in spite of the increasing attention by international organizations. A recent report of OECD (2001) recognizes migration of highly skilled workers as a means of circulating knowledge and promoting scientific and technological development. It also presents Eurostat figures which show that the share of Scientists and Engineers 3 in all HRST (Human resources in science and technology 4 ) was about 10% across OECD countries. The European Commission has also been concerned about the shortage of graduates in the scientific and natural specializations, stating that, "more than a quarter of the graduates of colleges and universities are from social sciences" (European Commission, 1999) , recognizing that this is the largest undergraduate field in Europe. However, there is a strong belief that richer countries invest more in R&D activities than do poor and middle-income countries. This belief has been theorized by Funke and Strulik (2000) , who explain that richer countries invest more in R&D than poorer ones. This allows for the prior that developed countries would invest more than other countries in engineering and technical skills.
We address the relationship between a measure of Human Capital composition and the level of development of a country and show that there is a stylized fact regarding this relationship. We will focus on the composition of Human Capital from tertiary education (Colleges and Universities) 5 .
On the relationship between high-low-tech human capital ratio and development
We define high-tech human capital as the enrollment or graduates in engineering, mathematics and computer science fields (h) and low-tech human capital as the enrollment or graduates in all other fields of science (1 − h) 6 . We define the high-low-tech human capital ratio as h 1−h . We use data on enrollments and graduates from UNESCO database between 1970 and 1997.
We treat the high-low-tech human capital ratio as five-year period averages, as well as GDP per capita 7 , which is measured in international constant prices, from Penn World Table. With this we analyze each cross-section of five-year period or a system of six equations, which include nearly 100 countries in each five-year period and corresponds to a total number of observations of 622 for enrollments and 461 for graduates. Some of these observations seem to be outliers as present high values for the h/(1 − h) variable. We approach outliers in a very classical way 8 . This conclusion is supported with the use of Least Absolute Deviations (LAD) median regression, which we show for comparison.
Next Table shows additional motivation to the problem, showing linear correlations between regional dummies and our measure of high-tech human capital. We found an inverted U-shaped relationship between h/(1 − h) and GDP per capita, which may be considered as a stylized fact because it is robust to different definitions of h/(1−h) (enrollment or graduates), different samples (total and excluding outliers) and all cross-section samples, consisting of each five-year period. This means that richer countries are investing less than middle income countries in high-tech human capital, which was not expected. We will document this relationship and test its robustness introducing controls and using instrumental variables and multiple equation methods. We will search for variables other than GDP, which may explain the high-low-tech ratio and eliminate the puzzle. Next, we show a figure with the sample excluding outliers and a polynomial adjustment. It is clear that as countries get richer the high to low tech ratio increases in developing stages and slows down or decreases in the most developed stages.
In Tables 2 and 3 we show results for OLS, LAD and SUR joint estimation of a polynomial relationship between high-low-tech ratio and GDP per capita considering Enrollments and Graduates, respectively, as a measure to the cited ratio. SUR estimates allow the presence of a heteroskedastic error structure and cross-correlations of the error between equations. LAD (Least absolute deviations) estimates shows results' robustness to the presence of outliers. In each regression, we present the Wald statistic and p-value for testing the null of a zero coefficient of GDP per capita squared.
High-values of this statistic show that the introduction of GDP squared in the regression improves its explanation power. We also add information about significant Wald tests on similar coefficients along time in Tables 2.1. and 3.1. The overall conclusion is that not only does this relationship seem to be qualitatively similar across time, it also presents quantitative regularities. The presence of all observations in the sample (including outliers) does not change this result, either considering enrollments or graduates as a measure of the high-low-tech ratio. In fact, even similar coefficients across time may be accepted at high statistical significance. By now, we have made our main point: there is an unexpected decrease of high-low-tech ratio in developed countries. From here on, we will test if this relationship may be considered as a puzzle in light of endogenous growth theory or, on the contrary, may be explained using the channels through which high-low-tech ratio may be affected. In testing for robustness of this relationship, we will use only enrollments, as we have more observations on this measure, and in the limit the two measures represent the same phenomenon.
Robustness
In Table 1 .A (in the appendix) we perform a specification search and show the significant additional variables (other variables tested did not weaken the significance of GDP and GDP squared). We have used three types of variables other than GDP: (1) preference variables, which intend to measure high preference for the future of investors in high-tech human capital, assuming that this type of human capital has additional costs (at least opportunity costs) to be accumulated, (2) demand variables and (3) secondary education variables, measuring quantity and quality in the previous stage of education. It can be said that group (2) represents the demand side and groups (1) and (3) represent the supply side in the market for high-tech human capital. It is quite natural that some of these variables should appear in lagged periods, as variables linked to secondary schooling, which should influence the tertiary education variable in later periods.
As we want to study the relationship between h/(1 − h) ratio and GDP per capita, we will present either polynomial or linear relationships with GDP. This means that when the coefficients GDP squared are not statistically different from zero, we will present the linear relationship. In fact, in most cases, we found a clearer negative relationship between our measure of high-low-tech ratio and GDP per capita. The specification test leads to the following benchmark specification.
where SecEnrol stands for enrollment in secondary schools, Rp stands for repetition rate in secondary schools, Elif e for life expectancy, Sav for savings rate, M an for the industry specialization dummy and Serv for services specialization dummy. Life expectancy is introduced in the first year of the period, GDP is introduced as an average across the period, savings rate as average across the previous period, and all the other variables were introduced as the value in the first year of the previous period 9 .
Following this, in Table 3 , we test the robustness of the selected specification to the introduction of geographical and institutional background dummies, to possible heteroskedacity on the error dimension driven by the existence of possible outliers and also to the consideration of: (1) errorcorrelation between decades and (2) some possible endogeneity bias in GDP per capita.
In performing instrumentation, we used a set of typically exogenously seen variables, such as geographical (longitude, latitude, dummy of tropical countries, landlocked countries), institutional (black market premium and ethnolinguistic fractionalization) and economic (exports specialization in primary fuel and non-fuel products) 10 . We then regress GDP per capita in those variables (as we want to instrument GDP per capita) and selected those which have statistically positive coefficients at 5% level. An overall regression of GDP per capita in these proposed instruments accounts for nearly 50% of its variation. The selected instruments were latitude, dummy of tropical countries, black market premium and etholinguistic fraccionalization. We validate this approach econometrically using a chi-squared distribution statistic which compares the J-statistic of an efficient 2SLS and a restricted J-statistic, where each of the potential endogenous instruments is omitted. According to this procedure, all the used instruments are exogenous in the presented regression at high levels of rejection of equal J-statistics 11 . The two instrumental estimators that we use (2SLS and 3SLS) achieve consistency through instrumentation and efficiency through appropriate weighting. 9 Variables on secondary education (from Barro and Lee (2000) ) are available only for some years, corresponding to half decades (i.e. 1970 , 1975,...) until 1990. As M an and Serv are fixed, it is indifferent to introduce it in the t period or in the previous one. In the first three columns we present OLS estimation for benchmark specification, introduction of legal origin controls (column 2) and geographical controls (column 3). In column 4, we show a median regression (Least Absolute Deviation). In column 5, we estimate 2SLS coefficients in order to account for endogeneity bias. However, there is a scope for inefficiency because this do not take into account the cross-orthogonalities between equations. Then, we estimate a SUR system which allows for cross-error correlations, in column 6. In the last column, we present 3SLS estimates which impose cross-orthogonalities and allow for endogeneity. Comparison between column (1) and (5) or between (6) and (7) gives us the benefits of accounting for endogeneity and comparison between columns (1) and (6) or between (5) and (7) gives us the efficiency gain from exploring cross-orthogonalities.
There may be some omitted variables in this regression correlated with development that could account for this strange relationship between high-low-tech ratio and GDP per capita. In spite of that, we discovered that accounting for this kind of phenomenon, the relationship between h/(1 − h) and development turns out to be negative. This means that, conditional to some variables linked with education level, education quality, intertemporal preferences and demand for high and low tech workers and eventual endogeneity, high-low-tech ratio decreases as a country develops.
We achieve some other interesting results. The high-low-tech ratio increases due to life expectancy and manufactures specialization in exports and decreases due to the level of development and possibly (with lower statistical significance) due to repetition rate at secondary school levels. As Barro and Sala-i-Martin (1995) mention "higher life expectancy may go along with better work habits and a higher level of skills" but may be also related with higher present value of future earnings 12 . The manufactures dummy accounts for demand for high-tech work, which occurs mainly in industrial firms. The notion that high-tech fields are more costly to attend is captured by the negative sign of the repetition rate. Also the positive signs of life expectancy and the savings rate suggest a costly investment in high-tech human capital, which is only profitable when people have high present value of future profits or low discount rates for the future. This may be linked with a greater preference for the future in the countries that have a greater high-low-tech human capital ratio. In fact, high-tech programs are, in general, lengthier and more expensive or difficult, which means that these types of program are a higher lifetime investment than other low-tech types.
In order to understand the differences that are influencing high-low-tech ratio in poor and richer countries, we have divided the sample, and present the results in Table 5 . Table 4 . 6000 and 8000 are the threshold values above which a country is rich. This is an additional robustness test to our specification, by which we can conclude that our main conclusion remains unchanged: high-tech proportion increases in poor countries and decreases in rich countries. The crucial differences between the groups are in the lifetime earnings variable (life expectancy) and in supply (secondary education) and demand of high-techs (services and industry). In fact, in richer countries, we have a negative influence of life expectancy and a positive influence of secondary enrollment and the industry dummy (this last is common to the whole sample). This means that the higher the level of education of population in richer countries and the lower the life expectancy, the higher is the high-low-tech ratio. In poorer countries, however, life expectancy has a crucial and positive influence, as well as the services specialization, with a negative influence. It is well-known that in lower-income countries life expectancy rises more as a country gets richer than in high-income ones. In richer countries the variation of life expectancy between countries is quite low.
All the main results can be obtained when considering the whole sample (including outliers), although results are omitted for reason of length and simplicity 13 . The puzzling non-positive rela-tionship between h/(1 − h) and GDP per capita is well robust to the introduction of a large set of controls, to deletion (or not) of outliers and to possible endogenous variables.
It could be questioned if the possible presence of outliers in GDP (and not only in h/ (1 − h) ) can affect our results 14 . These results are presented in Table 2 .A, in the appendix A, where it is shown that it is not the case. Also results in section 2 are robust to these exclusion.
Conclusion
In the data, high-low-tech ratio has an inverted U-shaped relationship with the level of development, measured as GDP per capita. In fact, we find quite a robust non-positive relationship between highlow-tech ratio and GDP, which reflects that rich countries invest less than lower-income countries in high-tech human capital. This is classified as a stylized fact because it can be seen using different samples (with and without outliers in both dimensions), different periods (each of the five-year periods between 1970 and 1997 15 ), different measures (enrollments and graduates) for the proxy for the composition of human capital at universities and colleges. Some additional variables may contribute to explaining the high-low-tech human capital ratio, such as life expectancy and savings rate, which seems to be linked with a greater preference for the future and high lifetime costs of high-tech programs and manufacture exports specialization, which is linked with the demand for the high-tech type of university graduate. Conditional on demand and on the probability of high future earnings, the puzzling relationship of decreasing proportion of high-techs in richer countries remains clear.
There are interesting questions for future research. First, as more data become available, it could be possible to test for productivity and wages micro relationships. Second, a natural research agenda includes fully explaining this puzzling relationship between GDP per capita and the proportion of high-techs in the economy with relation to structural transformation and increasing R&D activity, as the evidence shows a clear relationship between our measure of human capital composition and specialization dummies. 
A Specification Search
- - - - (3.84) - - - - - Repetition Rate - -26100*** - - - - - (-3.47) - - - - Life Expectancy - - 37410*** - - - - - (5.56) - - - Savings Rate - - - 8470* - - - - - (1.96) - - Manufactures Exports - - - - 838630*** - - - - - (6.1) - Services Exports - - - - - 329580*** - - - - - (-2.
B Data description
There were three main databases from which we have collected data for this paper: (1) WORLD BANK, Easterly and Sewadeh, Global Development Network Growth Database, from which we collect macroeconomics variables, (2) Barro and Lee database, from which we collect secondary education data and (3) UNESCO database, from which we collect data on enrollments and graduates by tertiary education level by field. The list of countries used in each estimation is available upon request. We present below the list of variables and the result of their submission to the specification test of Table 1 
C Instruments for 2SLS and 3SLS estimation
To select the instruments, we related typically seen exogenous variables with GDP. We selected the significant variables. Then, we performed a comparison between J-statistics in efficient 2SLS (see Hayashi, 2000) . First, we show the t-statistics in the regression. Then, a summary of the p-values of the chi-squared statistic we have used. 
